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Abstract: For individual radiation source identification technology using deep neural networks,
network depth is continuously increased to achieve good recognition performance, resulting in an
explosion of model parameters and computational complexity, which makes deployment difficult on
resource—constrained edge devices. To address this, this paper proposes a network architecture called
ODCNet(One-Dimensional Depthwise Separable Convolution Network) based on one-dimensional
depthwise separable convolution and one—dimensional convolutional block attention modules. By
combining depthwise and pointwise convolutions, one—dimensional depthwise separable convolution
effectively reduces model parameters and computational complexity. The lightweight one—dimensional
convolutional block attention module can effectively enhance model performance and ensure recognition
capability. Experimental results show that ODCNet's recognition performance is comparable to
MobileNet V3, while its parameters are only 11.27% of MobileNet V3's, its computational complexity is
17.49% of MobileNet V3's, and its inference time is reduced to 50% of MobileNet V3's.
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SRR R N 2 30 3 T A e SR TN B AR SR B BRI IR R 1 B R TR ZE g R R 4k B B
BRI E, T AT AR o i ) O 0 R R AR SR, B IE X B O DT SR BBCA AR I X R S U
U B AR 53 A A% Ge 1R 3 Jy 32 A3 F IR B 2 ) i U000 7 i R

At 40 1 8 S R TR T YA RO TN AR S SRR E o A (5 5 R AE A 455 B AR 67 RRAE L B R AR B R By
G EAFAE 4 . S D'Agostino™ 4 H fik wh 4% i JC 7 1 #il (Amplitude Unintentional Modulation On Pulse, A-UMOP)%¥F
TEPE IR, 2 il S DR AE A AR 25 R i 4 A, 23 W45 5 W B2 AR i 7 4 S DR 1 b B9/ FH . J Toonstra 455t
JINIE 43 B ke F A B 4 F8 2045 4iF (Radio Frequency Fingerprinting, RFF), MET 5 F I 0] 7% 35 0 45 dE 470 250 5] . Y
SHI 251913 T 15 e W 58 75 1515 5 76 I il 300 58 O kR 1F , SR 5 £ o 5% #1851 2 i A 22 % i (Multiple—Input
Multiple—Output, MIMO) % % . YUAN ZEUVEE i 36 - B [A] — 45 %8 — B & 43 1ii (Time-Frequency-Energy Distribution,
TFED) J7 45 $& WX 43 BE A v 1 13 A RRAEJE iR S5 38 805 8, Al ] 2 0o o A ik B 4 . SCFem il 25 %
Se 0 4R SRR ik A2 IR T e I AN, OF B S PR R, Ml DL N R R B A AR I I

AR, BE TR 2 2T 0 4 SR TR R DL X S 5 M B SR A L AR IR AE BN A A S L A T R
TR B 27 2] R FH TR BE P 228 I 465 ) 3y 2 > AR SRR SRR i 48 SORR AR, RORR & T IRIDRE B B, T3S F TR R R
Z% . FROESE O B A KGO . XTAO SEPVEL T — 4 45 BN 4 UM 28 I 2% B2 UM 5 i RS A AFRAE . WU SO th e
A VE R ST HUE B — 4 5 R 4 N 4% — 1 7 3 AL (1D Convolutional Neural Network with Attention Mechanism ,
CNN-1D-AM), 7EHUS T K45 A9 3 50 205 1] B 3 5 7 A AL i S MR RE . ZHU 26Ul 2 46 FRURR 28 X 4% 78 43 2 L
1/Q W4 BB B9 BB E SR A R AR, A T AR B UM 2%, BAUPEREA Tt T, L1 0 AR 5 i 5 4
e, B — P TR RS I ML A 22906 P Al 42 R 4% (Recurrent Neural Network, RNN)ARAY | 46 5 U5 1H 00 RS 0 B 15 )
=T QUEEMME H — 45 B AR 22 W 4%, JEIN A G RS B ) B (B R R AR PR B 2 4y, LT 4R
SRR AR RS B E 1 M — S

by A8 5 SR VAT 55 Hh U B 10 43 SRR, BRSO A AN N I 48 )2 5, S BORE S I R S 0 5T
S 2R T, ORALHE I T AR SRt (], R R R T TS R R AT BRI G AT S L Ay A DA TR R B
SR B S50 5 R 408 208 B X —ml L, S E TR T OC TR AR A SY . 32U A BB A% 4k
ARG R BTAL . FRZRIM AR SR NGRS b e o BT R 2RI AR R AL BOR PR e K
FEAR KRB, FFLEMERE LA, 105 G W 45 M5 3 I m] DL Rkt fe iz i, T4k, MR EIAWHRR
BRI BT . A G Howard 55U7E 2017 4R M 1T 2% T I8 0] 73 85 4 B MobileNets,  JF 75 40k B2 R 51 |
KA A . AR M . B bRk 45 4F 55 th BUS RAFRCR . ZHANG %87 2018 44 ) ShuffleNet, SR T 2
A ERAE . Al 05 BUR G GE VR, 7E O B R AR R Y R B R R R T B A . FF ImageNet 4 B AT 55 I,
ShuffleNet ¥ top—1 1% 2% (4 %} {5}y 7.8%) ik T MobileNet, HAN %17 2020 4F % i B 4 B JH 9 Ghost 55 B # ¢
GhostNet B8 | F| FH B A 351K 1 2 Pk 28 Ak 2E il A 7% 81 R 1F 1Y ghost FREI&], I 7F ImageNet ILSVRC-2012 43254
PadE L, ARLEY T3 B AS 3K 45 b MobileNetV3 T & AL B PERE .
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AT IR LG L M4 E i . BEEH AR AR, FEN R MG MWk 2rmmitit, DgFt
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oL, By s MR EEGSEAEZGE S w5 PR Fem, RABESHERIERMREE LML, H
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Fig.1 ADS-B message format
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Fig.2 Structure of emitter identification
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WeAh, AR LA AR AR 5 H (d F L3 — 4k (Batch Norm, BN), A 3Cfd )2 I3 —1k (Layer Norm, LN)#EF74E
fEIH—Aft, PRER T AEAS A [RRAE AR X RN FR A R T B8 2 o) 31 f B Do M A 5 S R[5 5 48 SOk ik . )
S AR AN 3 TR, Hoh T 2R i % I (Power Spectral Density, PSD)REH 85 55 RS2 B, num b 45 53 I Fh
3 typeﬁfi%%ﬂ'ﬁﬂﬂﬁ%%/ﬁﬁﬁ
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Fig.3 Flowchart for identification of radiation sources
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Fig.5 Depthwise separable convolution

K5 BREENT 7y
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Fig.6 Convolutional block attention module
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Fig.7 Channel attention module
Pl 7 SRR
U IR B — 2 23 i) T A )R G R AN 1 8 T s o S T AR D A 0 D M 5 IR R AE 1 F AR SR R A B Y
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B R SRR I S BRUR AARRAE FIR R 2= U TR OO, e B RUZR BB R RN 7, JF i ad #h % i 07 4R
TR BRI = 4 — 2 fieJm 420 Sigmoid pREHGE 15 B 2 BE B I AUE M e R HATR RN -
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Fig.8 Spatial attention module
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3.1 HIEmAE
ADS-B BB A & 1022 HL, HATHEE 45k . 780B88. 780C2D. 780DSE. 780D6C . 7809B8. 7815A2.

7817AE ., 78027B. 78112C., 780277. HZLKHLALE 3 000~5 000 555, REEZE N 10 MHz.
Tetra XTYEHLECHE 4200 & 3 S XFHEHL, 20 BIFRIC R 1. 2. 325, RFER K2 048 kHz, J1¥ Tetra 58 5 I (5 2 L
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8 192 KAk jiN — 2K TG S AT U 4, WA & XIFHLEL & 7 000~8 000 A% %4 .

S R A A B L Ry AR LA W X MR AR AR, R I 4 A B G Tl S s A O R R A A
Welch Jil 39 Pl 32 P12 — Bl s T B9 Dl o0 8 BEAG T E Bk, OB A oy i, JF HLRB A8 sw IR R PE T3 A 52 i
T Welch 2 0 DR 35 2 AR T B R AT« a) W5 S K E I NIEAT U105 b) B — B s Sl ol e 4, % W
T PRECA DT % . U . Kaisr % 555 o) X & — Bt {5 5 2F 47 DLk {4 BL it 42 46t (Fast Fourier Transform, FFT), Jfif
BFFT (90 B Oy, A3 8054 BER D R85 2 AN T HE ;. d) X8 B 5 M DR 3 % B AT 45 ok ForE 1, RIS
SR RS
32 BHIERE

I 2% #5050 3 F Pytorch 4R, ff £ il # & NVIDIA GeForce RTX 3050, iz17 17 16 GB; £ il #i A U/Q # i 1y
R B, Kb ABCIR S 40 1x1 024 86 2X; BE BRI YIS 72 b R FH Adam £ Ak 85 0847 86 B8 B I, A UGB ARRE A
Kol 1024, YIZIRECH 400 57K ; PRS2 2 4 0.001, BEIK ZSHEENEL R, HhsERPE,

F1 BHIKESHE

Tablel Parameter settings for each layer of the model

layer parameter
DSC DC Mn chnnnclszl’ M\ul channclszl 4 k:4’ S:Z
PC Mm channel: ':1’Mou! chann I':64’I€:1’S:2
LN-ReLU-AvgPool(k=2)-CBAM(64)
DSC DC M, rannets=0% Moy =04 k=2, 5=1
PC i channets=0% Moy chunna =128, k=1, =1
LN-ReLU-AvgPool(k=2)-CBAM(128)
DSC DC My channets™ 1285 Moy apanners=128, k=2, 5=1
PC M. =128, M. =256, k=1, s=1

in_channel out_channel

LN-ReLU-AvgPool(k=2)-CBAM(256)

DC M, onets=256, M =256, k=2, 5=1
DSC in_channels out_channels
PC My ranets=250 Moy iy =64, =1, 5=1
LN-ReLU-AvgPool(k=2)-CBAM(64)
DSC DC M, |n70ha|mc|§:64’ M, 0ut7¢hnnnc|5:64’k: 2,5=1
PC My anna=0% Moy hana =16, k=1, 5=1
LN-ReLU-AvgPool(k=2)-CBAM(16)
linear Alln feature: :1 6X6’ MOL\l feature: —num
Softmax

XL R AL HE 4 MBI ResNet18 il — b2 i AR AR, 40, & 4 VR 8 7T 43 2 45 FL Y MobileNet V3 small ,
FLTF 00 20 5 A5 FRURIE 3 Pk LAY ShuffleNet V2 . 5T Ghost £5 B i) GhostNet 5 2 T3 49 45 L) FasterNet!??

3.3 XFEE SIS

22 1) 8 B VA S Tl R 9% B i A\ % ODCNet 7, ] F ODCNet 78 23 #2 UE S A4RAE , IR0 v, 18 BRI 7E
ADS-B il i 45 I Tetra X4 E 090 BITRIE M, Wil 9 frs . H ADS-B IR 42 R V6 46 K4 7T LA H, ODCNet %}
F ADS-B 4 4 B A& B om i dR SR U Re SR U HERR 3235 5 97.67% .

% 185 ADS-B FUHE A A R A3 Sk =X, ARSI PER R, A S 2 T X 4o il Tetra B85 45— 25
AR BIRE Sy, SR E o) iR . ATLAE 1, XFUEHL 1R PEAL 2 T A AR SR o A IR B . (R T X PERL L,
TR R L] T 88%, 45 HLECHiAH

i — 0 Ul B R R B AR AR, K% ODCNet 5 I ib 28 81 455 780 F 320500 1 B 8 (Accuracy) . 5 B 2 5 i
(Params) . A& 105 &2 2% & (B FDIF 4538 55 R B (Floating Point Operations Per Second, FLOPs)) Fl#% A 728 M8 45 | A9
A [A] (Time)4 A7 AT HOES, BIA YRG5 TR % E, 45 R MK 2 R,

#2013, 7F ADS-BH4E4E [, ODCNet 5 HABBIRIAN L, HBIMERCRAM 2224 EH 08, S 5iE
22k R K R%AK, ResNetl8 MEfEf L, & i 245 B (ResNetl8 Jf Ak 4% & fL B &), 11 76 Tetra U4 45 1+,
GhostNet, FasterNet 5 15 A1 i 8 HUAS T 8 4 (9 3R 50 8% 5, (0 78 003K 5 1 (%) B 1 [A] 32 £ F ODCNet., LAk,
ODCNet 7F iH 3] #E 1 % 5 MobileNet V3 small #1415 0L T, 715 & 42 )% {4 MobileNet V3 small i) 1/7, H. 783K
£ A HE B BOE e, {0 MobileNet V3 small (1 1/2., iX 3% B ODCNet 5 1 H. 55 A 4 5 1) Bk i 71588 01, 725 B
B 4 A R B L SR g I T B e L —

3.4 BREESHMXR
#E— 251X ODCNet X W 75 ) & #E 1 . LA ADS-B U8l 42 R ], 76 o 45 b A i Ve, B0 47 {5 0B
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g, % BT -4REANSIEERNEENEHIRIRA

IR SRR SHRAE A, B SRR 23] TR SR e i B, #5555 M L (Signal-to—Noise Ratio, SNR)4hT-18~10 dB il
FBl N (4 2 dB). ODCNet [ 15 1] 7 1 2% i £ e bb AR fb % 50 a1 10 BTz o #h &1 10 BT, 85 78 7 A IR A5 e HL T 4 L
HRAFRBIEE S o BT 2T 55 b, ENEAE S M HE A —10 dBIF, X He b 6 4~ 48 5 EH S v i R AR 0 80% . 17
M LV KT -4 dB I, X5 A S U0l HE B 2R 2 KT 80% o
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0.0011 0.0043 0.011 0 0 0 DO0Il 0 0
780C2D |o.
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3 ]
g o
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(a) confusion matrix for the ADS-B test set (b) confusion matrix for the Tetra test set

Fig.9 Confusion matrix
K9 RIBHR
K2 BB IEIR T

Table2 Analysis of evaluation indicators for each model

dataset model accuracy/% Params/K FLOPs/M Time/s
ResNet18 99.84 11 181.642 513.725 952 1.716 1
MobileNet V3 small 99.73 1528.106 21.737272 0.804 8
ADSB GhostNet 99.75 3914318 53.267 296 93436
- ShuffleNet V2 99.73 1263.854 54.905 856 1.0511
FasterNet 99.63 12 937.098 607.802 624 6.4012
ODCNet 97.67 172.17 3.802 291 0.362 4
ResNet18 79.58 11 178.051 513.722 368 0.545 1
MobileNet V3 small 75.55 1520.931 21.730 104 04145
ot GhostNet 85.20 3905.351 53.258 336 6.684 0
etra ShuffleNet V2 80.35 1256.679 54.898 688 05451
FasterNet 83.72 12928.131 607.793 664 5.596 4
ODCNet 75.41 171.491 3.081 598 0.205 0
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Ab B ANE SL N 3 BT s o R 3 WAL, BIRLAE 4R
b B S B o R Gk B 83.12% . fEfEME L M -10 dB R, o8
HAR B MER %5 80.34% , K5 K 95.25% . TE Ry>-10 dB
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Table3 Average recognition performance of the model at various SNRs
R, /dB accuracy/% precision/% recall/% F1 score/%
-18 37.16 72.95 37.16 47.57
-16 49.45 79.65 49.45 58.58
-14 60.85 86.66 60.85 68.56
-12 71.48 92.45 71.48 78.35
-10 80.34 95.25 80.34 85.78
-8 85.72 96.89 85.72 90.11
-6 89.58 97.81 89.58 93.12
-4 92.63 97.97 92.63 95.04
-2 95.34 99.08 95.34 97.09
0 96.38 99.12 96.38 97.65
2 97.30 99.26 97.30 98.22
4 98.15 99.42 98.15 98.74
6 98.40 99.55 98.40 98.93
8 98.56 99.63 98.56 99.06
10 98.76 99.79 98.76 99.24
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